Mechanistic space-use models can be valuable tools in predicting the effects of changes in animals' habitat, and thus their ability to survive in altered landscapes.
Introduction
Today's rapid and extensive changes to the environment highlight the need for accurate models that can predict the effect of these perturbations on animal and plant populations (Thomas et al., 2004) . The Amazon rainforest is a prime example of such a disturbed ecosystem, with recent large-scale deforestation causing a wide range of ecological changes (Laurance et al., 2011; Fearnside, 2005) . In particular, insectivorous bird communities living in the rainforest are often unable to persist in deforested areas (Şekercioḡlu et al., 2002) .This fragmentation sensitivity ultimately increases turnover within these communities , reducing the biodiversity and consequently ecosystem functioning (Chapin et al., 2000; Mäntylä et al., 2011) .
To predict the effects of such environmental changes on animal populations, it is important to be able to link animal movement decisions to space use distributions in a quantitative, analytic fashion (Morales et al., 2008) . The factors driving movement ultimately determine the size and structure of the space that animals use in order to meet their everyday needs. By uncovering how these movement processes give rise to spatial patterns, it would be possible to predict the types and amounts of habitat that would be used were the environment to be perturbed, by anthropogenic effects or otherwise (Nathan et al., 2008) .
Step selection techniques have led the way in uncovering movement processes in a quantitative fashion (Fortin et al., 2005; Rhodes et al., 2005; Forester et al., 2009; Latombe et al., 2013; Vanaka et al., 2013) . These model movement choices as a probability distribution of the next position an animal might move to, based on its previous position (or positions) and various environmental covariates. As such, they give a way of factoring fine-grained movement decisions into resource selection analysis, by defining resource availability in terms of the ability of the animal to move in a given time frame. This enables better understanding of short-term decision making in animals, as well as giving a sensible solution to the long-standing conundrum of how to define availability in resource selection models (Manly et al., 2002) . Recently, noticed that the concept of a step selection function can be used to construct mechanistic models, enabling analytic derivations of spatial patterns from the function ).
However, their work was purely theoretical, giving no technique for parametrizing the step selection function from data.
Here, we plug this gap by showing how to construct an empirically parametrized step selection function in such a way that it can be turned into a mechanistic model for predicting space use. This is a key aspect for accurately understanding how behavioral decisions, occurring on a fine spatial and temporal scale, result in the spatial patterns that we observe in nature. Environmental changes have been observed to cause variation in space use across myriad taxa (Parmesan, 1996 (Parmesan, , 2006 Breed et al., 2013) .
Though these observed effects occur on large spatial scales, the behavioral processes underlying these changes occur on much smaller spatio-temporal scales. Understanding and quantifying exactly which small-scale behavioral decisions cause these patterns is vital for predicting the large-scale effects of future environmental changes.
We make an important step towards this end, by identifying and quantifying some of the key environmental factors that influence Amazonian bird flock movement, then using them to construct a predictive model of space use. Mixed-species flocks are an important element of the understory avifauna found in practically all terra firme forests in the Amazon basin. The flocks tend to comprise 20 to 60 insectivorous species that actively forage in the vegetation (Munn, 1984; Powell, 1989; Mokross et al., 2014) , searching the different strata and substrates in the vegetation for practically the whole duration of the day with high consumption rates (K. Mokross pers. obs.). This makes them not only important contributors to the species richness of the Neotropical avifauna (Powell, 1989) , but also potential key players in trophic cascades with herbivorous insects and plants (Mäntylä et al., 2011) .
The core of each flock is composed of 5-10 species which are consistently present, and share the same overlapping territory (Munn & Terborgh, 1979) , each pair defending its territory from conspecifics. In the flocks studied here, the Cinerous Antshrike (Thamnomanes caesius) plays a nuclear role by giving alarm and rally calls that maintain flock cohesiveness (Munn, 1986) . Other species will be frequent flock attendants but leave occasionally, either by switching between flocks, by having smaller territories than the core species (Jullien & Thiollay, 1998) .
The species comprising flocks are considered among the avian guilds most susceptible to habitat changes (Stouffer et al., 2006) . Two life history aspects which have been suggested as being tied to interspecific gregariousness, space use and resource requirements, remain largely unexplored (Jones, 1977) . Whereas spatial behavior and resource distribution has been recorded for many frugivorous species in the Neotropics (Westcott, 1997; Duraes et al., 2008; Holbrook, 2011; Karubian et al., 2012) , mapping insectivore resource distributions remains largely unapproached due to logistic constraints of quantifying invertebrates in tropical forests (Şekercioḡlu et al., 2002; Johnson, 2000) . The spatial behavior of strictly insectivorous species has only recently begun to be explored (Stouffer, 2007) .
For the flocks we studied, space use is very stable with near saturation of territories in undisturbed forest (Develey & Stouffer, 2001; Johnson et al., 2011) . Core species gather in the same location at dawn every day, usually in a central position within the territory, and begin foraging from there in an apparently random fashion until sunset (Powell, 1985; Jullien & Thiollay, 1998; Martinez & Gomez, 2013) . The purpose of this paper is to begin a program of disentangling the purposeful drivers behind the movement processes from this apparently random behavior, then show how to use this understanding to build a predictive model of space use patterns in insectivorous bird flocks.
Our approach begins by using step selection techniques to test three hypotheses regarding the drivers behind the flocks' movement decisions. Then we derive from this a master equation to link these processes to the emergent space use patterns. The hypotheses are based on the idea that movement patterns are caused by a variety of different animal-environment interactions. In particular, we test whether (1) flocks' movement patterns are affected by the canopy height in the places to which they move, (2) flocks movement patterns are affected by topography, specifically the elevation of the ground to which they are moving, (3) flocks wait for the resources to renew before re-visiting an area they have recently visited.
Taller canopies are expected to be preferable for birds since they tend to contain more resources (Janzen & Schoenner, 1968; Basset et al., 1992) . On the other hand, lower ground can support conditions buffered from wind turbulence and sunlight from outside the forest cover (Ewers & Banks-Leite, 2013) , and naturally hold higher air and soil moisture levels (Baraloto & Couteron, 2010) which could potentially increase arthropod loads per vegetation volume (Williams-Linera & Herrera, 2003; Chan et al., 2008) . Finally, the resources may require some time to renew from the foraging pressure of more than 30 birds, or they may be sufficiently abundant that this does not affect movement.
We chose to examine in detail just three aspects that affect flock movement: topography, canopy height, and resource renewal. However, our basic methodological framework can easily be extended to build more complicated models that could include other factors driving the birds' movement decisions, such as memory (Smouse et al., 2010) , territoriality (Potts et al., 2013) , or tighter movement patterns in dense foliage (Jullien & Thiollay, 1998) . Building a model one parameter at a time is advantageous since we gain a clear understanding of exactly how, and to what extent, each environmental factor influences flock movement. Though starting with a more complex model may lead to more accurate predictions, it would make it harder to disentangle the relative effects of each model parameter on the resulting space use.
In an approximate analytic formula was derived relating an animal's utilization distributions to its step selection mechanism, in a particular, diffusive 1-dimensional scenario. This was then extended into arbitrary dimensions by . They proved that the utilization distribution at a point is proportional to the square of weighting function for moving to that square. We examine to what extent this prediction is accurate for our more complicated model, by examining where the analysis breaks down as models become more complex. We compare their predictions with numerical solutions of our model to demonstrate where their results, so can be usefully applied to empirical data, and where they fail.
Methods
The step selection function model Our model for bird-flock movement is based on a step selection function (SSF) approach (Fortin et al., 2005) . Following the formalism initiated by Rhodes et al. (2005) , but extended here to take into account correlations in the movement, we write the probability f (x|y, θ 0 ) of finding an animal at position x, having traveled from y in the previous step, given that it arrived at y on a bearing of θ 0 , as follows
Here, w(x, E) is a weighting function that depends upon the animal's position x and some environmental covariates E (Forester et al., 2009) , Φ(x|y, θ 0 ) is the probability of being at x in the absence of habitat selection, given that the animal was previously at y and had arrived there on a bearing of θ 0 , Ω is the study area, and bearings are measured in an anti-clockwise direction from the right-hand half of the horizontal axis.
Each step takes a fixed amount of time τ . The function Φ(x|y, θ 0 ) allows us to take into account the fact that animals may be more likely to take steps of a particular length, and the distribution of such lengths can be derived from empirical data. For computational purposes, we truncated the step length distribution at steps of greater than 100m, since these never occur in our data. We include the angle θ 0 into this formulation to allow for the possibility of correlations between successive movement bearings.
For the purpose of testing hypotheses (1) and (2), w(x, E) is a function of the canopy height C(x) and the topography (i.e. elevation above sea level) T (x), both measured in meters (m). We test two candidate formulations for w(x, E)
Notice that Eq. 3 can also be written as
keeping with the original formulation of the step selection function from Fortin et al. (2005) . Since we would expect the birds to be more likely to move towards lower ground than higher, we place a minus sign before the β in each equation, so that β is expected to be positive.
To test hypothesis (3), we assume that the resource amount at the start of the day (t = 0), is proportional to the canopy height (Campos et al., 2006) . As the birds move through an area, they deplete the resources, which take a time Gτ to renew. The resource amount present at a site at time gτ after having been visited is assumed to be
Here, t is the time since start-of-day and a unit of resources is implicitly defined to be the maximum amount of usable resources sustainable by a tree per meter of tree height. At time
. As with hypotheses (1) and (2), we test two candidate formulations for w(x, E)
Notice that when G = 1, we have w a (x, α, β) = w c (x, t, α, β, 1) and
Data collection methods
Flock activity is conspicuous, allowing birds to be followed on foot. As flocks moved, geolocations were recorded at 30 second intervals with a hand-held GPS unit (Garmin Vista HCX). The observer maintained a distance of 10-20m from the flocks to ensure no alarm or avoidance behavior was induced in the birds. Observer distance is not in perfect lockstep with the flock, yet the average distance to the approxmiate center of the flock could be maintained to an accuracy of a few meters. Where possible,
we used the location of a Cinereous Antshrike as the flock location. This species was usually conspicuous in the center of the flock. Other more active species typically spread out over a radius of 5-10 m, depending on the size and speed of the flock.
Though GPS error can be around 10m, it is mainly caused by the relatively slow movement of the ionosphere (Parkinson & Spilker, 1996) which only changes by a few centimeters during 30 second intervals. Indeed, evidence from using hand-held GPS for tracking butterflies suggests that the median drift (i.e. absolute error) between consecutive 15 second relocations is only 8cm (Severns & Breed, in press ). Therefore it is reasonable to assume that the measured step lengths and turning angles accurately reflect reality.
Compared to other available methods, this data reflects well the movement of flocks on a small spatio-temporal scale. It provides a high resolution of time sequence that is not possible in radio-telemetry studies, and presently no other techniques allow the gathering of detailed spatial data for passerines of this size. Unlike remote telemetry, this method also allows the direct observation of behavior, so the observer can directly verify whether the recorded spatial locations are corresponding well with the canopy height and topographical maps.
For measuring canopy heights, we used a LIDAR (Light Detection and Ranging) canopy height model (CHM). Similarly, topography (Digital Elevation Models DEM) was acquired using small footprint airborne LIDAR. The derived (post-processed)
images from the LIDAR data are 1m/pixel resolution, which we transformed into 10m
lattices by bilinear interpolation. LIDAR data were collected by airborne laser scanning using a Hexagon-LEICA ALS50 PHASE II 
Parametrizing the models from the data
The first step in parametrizing the models is to calculate the step length and turning angle distributions, i.e. the distance between successive positions and the angle an animal turns through from one move to another, respectively [see e.g. Crist et al. (1992) ]. Since these depend upon the temporal resolution τ (i.e. the time between successive position fixes), we use both τ = 1 minute and τ = 5 minutes, deriving two different sets of step length and turning angle distribution for the different values of τ .
The value τ = 1 minute is chosen because bird flocks tend to move from one tree to another at an average of approximately every 1 or 2 minutes. Though their movement is a continuous rather than discrete process, the model is formulated so this timescale roughly represents the small-scale decisions that the birds make regarding whether they stay in a tree or choose to move to another. We also examine the case τ = 5 minutes to determine whether the decisions about where to move can instead be viewed as taking place on a timescale longer than a single jump between trees. In other words, the birds might only be considering the next tree they move to when deciding where to go (τ = 1 minute), or they might be thinking a few trees ahead when they make this decision (τ = 5 minutes).
The step length distributions are fitted to both a Weibull distribution (Forester et al., 2009) and an Exponentiated Weibull (EW) distribution (Nassar & Eissa, 2003) , using the Akaike Information Criterion (AIC) to determine the best model, whereas we fit the turning angles to a von-Mises distribution (Marsh & Jones, 1988) . The Weibull, EW and von Mises distributions have the following forms, respectively
Since the rainforest canopy consists of distinct treetops whose widths are each roughly 10m across, we split the terrain Ω into a grid S of 10m by 10m squares. This allows us to associate a value of C(s) and T (s) to each square s in S, respectively the mean canopy height and mean topography of the square. Parametrizing Eq. 1 from the data therefore requires maximizing the following likelihood function
where X = {x 0 , x 1 , . . . , x N } are the consecutive positions of a flock, θ n is the bearing from x n−1 to x n , Φ is the product of the best-fit step length and turning angle distributions, and w is either w a , w b , w c or w d , depending on which model we are fitting.
To test hypothesis (1), we fix β = 0 and find the value of α that maximizes L(X|E), which we call α m . We then use the likelihood ratio test to compare the resulting value of L(X|E) with the value of L(X|E) when both α and β set to zero. For hypothesis (2), we fix α = α m and find the value of β that maximizes L(X|E), again using the likelihood ratio test to compare this value of L(X|E) with the one where α = α m and β = 0. We then find the values of α and β that maximize L(X|E) by varying both parameters simultaneously, giving best fit values denoted by α bf and β bf . We use a
Markov bootstrap method with 100 bootstraps to find standard errors for α and β (Horowitz, 2003) .
Hypothesis (3) 
Constructing the space use distribution
We use two methods for constructing the space use distribution from the parametrized SSF (Eq. 1), via simulation analysis and through constructing the master equation and numerically deriving its steady-state solution. For the former approach, we simulate one particular flock's movement on the grid S using the jump probabilities given by SSF. Since the flock gathers in one particular place each day, and moves around the terrain for a total of about eleven-and-a-half hours during the day, we start the simulated birds at the gathering point and run the simulation for 138 time steps, each step representing τ = 5 minutes (giving 11 hours 30 minutes in total), taking a note of all the positions at which the flock landed after each step. We repeat this 100 times, representing 100 days, giving 13,800 simulated positions in total. In the data, we tend to have around 10 days per flock. However, we use 100 here to average out some of the stochasticity. From these simulated positions, we calculate the 50%, 60%, 70%, 80%, and 90% Kernel Density Estimators (KDEs), using a fixed kernel method with smoothing parameter h = σn −1/6 where σ = (1/2) σ 2 x + σ 2 y and σ x , σ y are the standard deviations of the simulated data in the x-and y-directions respectively (Worton, 1989) . KDE calculations are performed using Python.
In addition to simulation analysis, we also construct the master equation for the probability density function u(x, θ, t) of the animal being at x at time t having traveled there on a bearing of θ. This allows us to compare our results with the predictions of , who mathematically analyzed the step selection function Eq. 1 in the simpler case where the turning angle distribution is uniform and animals live on a 1-dimensional line. They proved that u(x) is proportional to w 2 (x, E), and demonstrated numerically that this result is a good approximation to the numerical solution of the master equation for two simple non-smooth examples of w(x, E) . We examine to what extent this result extends to our more complicated situation of a correlated random walker. We use Eq. 1 to construct the following master equation
where y θ (r) describes the locus of points y upon which the animal could approach x = (x 1 , x 2 ) at bearing θ, i.e. y θ (r) = (x 1 + cos(θ + π)r, x 2 + sin(θ + π)r), with r denoting the distance between y θ (r) and x (Potts et al., 2014) . Here r max is the distance along this line from x to the boundary of Ω and so gives the upper endpoint of integration. To calculate the steady-state distribution, we solve Eq. 10 iteratively until |u(x, θ, t + τ ) − u(x, θ, t)| < 10 −8 for every value of x and θ. The area Ω for this calculation is defined to be the 95% KDE of the flock used for the simulations. We used zero-flux boundary conditions, which models the fact that the birds are confined within their territory. Calculations were coded in C and it took approximately 2 hours to find a single steady state distribution.
Note that in these methods, we are separating the fitting of the turning angle and step length distributions from the fitting of the weighting functions. This makes the maximization procedure far faster and means the algorithms are more likely to converge to the global maximum. However, if the weighting function w gives a particularly strong selection for an environmental covariate and/or the step length distributions are fat-tailed, then this separation may cause inaccuracies in the resulting model. To test that this is not the case, we calculated the mean and standard deviation of the step length and turning angle distributions from the above simulations to verify that the weighting function had not significantly altered them.
Results
Step length and turning angle distributions
For both cases τ = 1 minute and τ = 5 minutes, the best fit step length distribution is an Exponentiated Weibull (EW) distribution (Fig. 1 ). For τ = 1 minute, ∆AIC = 126.9 between EW and Weibull. For τ = 5 minutes, ∆AIC = 14.6.
The step length distributions both increase from 0m initially, before decaying ( Fig.   1 ). However, this is not an indicator that birds are more likely to move a medium length distance than a very short distance, but is simply due to there being less area in the annulus of radius between r and r + δr when r is smaller. If δr is small then the total amount of area into which a flock can move, given that it moves a distance between r and r + δr, is approximately δr × 2πr, which is proportional to r. To find the relative preferences of the birds to move a particular distance, it is therefore necessary to divide the probability density, P (r), by the distance moved, r. If we do this for our data on the 1 minute temporal resolution, we find that P (r)/r is approximately 0.044 exp(−r/4.75) and for the 5 minute time-scale P (r)/r ≈ 0.0080 exp(−r/11.3), both of which decay monotonically as r increases.
Hypothesis testing
The tests indicate that there is a significant effect of both canopy height (hypothesis 1) and topography (hypothesis 2) on the flocks' movement. However, accounting for resource renewal, so that birds are less likely to re-visit trees that they have recently visited, does not improve the model fit (hypothesis 3). The conclusions are the same both for τ = 1 minute and τ = 5 minutes, so we cannot conclude anything about the temporal resolution on which decisions are made. Table 1 gives a summary of the results.
To put these in a biological context, consider two trees, equally accessible over a 5 minute interval and on ground of equal elevation, but one A% taller than the other, e.g. if one is 30m high and the other 20m high then A = 50. Then the birds are (1 + A/100) 0.277 = 1.5 0.277 ≈ 1.096 times more likely to move to the taller tree than the shorter, i.e. about 10% more likely. Conversely, suppose that both trees are of equal height but one tree is ground B% higher above sea-level than the other. Then the birds are (1 + B/100) 1.697 times more likely to move to the tree on lower ground. For example, an decrease from 50m to 40m elevation leads to a 1.25 1.697 ≈ 1.460 increase in probability of moving there, i.e. they are 46% more likely to move to the 40m elevation.
The weighting function w b (Eq. 3) provides a better fit to the data than w a (Eq. 2) for τ = 5 minutes. The AIC for w b is lower than that for w a (∆AIC = 3.8). Though the AIC for w b for τ = 1 minutes is slightly lower than for w a (∆AIC = 0.1), the change in AIC is not large enough to be considered good evidence that w b is better than w a . In Table 1 we detail the results for the function w b and its generalization w d (Eq. 5). Results for w a and w c (Eq. 4) are qualitatively similar. Though separating the fitting of the step length and turning angle distributions from the environmental interactions may mean that the fit is less accurate than if all parameters were fitted together, it turns out that the mean of the simulated data's step length distribution is 20.05 ± 0.95m (95% confidence intervals), compared with 20.09m from the data. The standard deviation of the simulated step lengths is 13.55 ± 2.01m as compared with 13.23m from the data. Similarly, the standard deviation of the turning angles from simulation output is 82.1 ± 8.7 degrees as compared with 82.7
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degrees from the data, and the mean is −0.2 ± 6.9 degrees, as compared with −1.7
degrees from the data. Therefore including the weighting function does not significantly change the step length or turning angle distributions.
Comparison to approximate analytic results
In the Appendix, we give a detailed 2-dimensional re-derivation of the result of that u(x) ∝ w 2 (x, E), derived in more detail for the reader's convenience. We show that the results break down if there is any correlation in the movement process [given by the function Φ(x|y, θ 0 )] at any time scale. This demonstrates a serious limitation in the analytic approximation put forward by , since most animals likely correlate their movement on some spatio-temporal scale. In Figs. 3a and 3b, we demonstrate numerically that this approximation fails in the specific example of our Amazonian bird flock model, in the case w(x, E) = w b (x, α, β) (see Eq. 3). However, if we assume that the birds are ordinary random walkers, so that their turning angle distribution is uniform, then the approximation works surprisingly well, given the highly non-smooth nature of (Figs. 3b and 3c ).
Discussion
We have constructed a step selection function (SSF) to test three hypotheses about the drivers behind Amazonian bird flock movement decisions. We have shown that these flocks have a tendency to move towards areas covered by higher canopies, but move away from areas of higher ground. Our objective was not to test specific mechanisms for bird movements, but our results are concordant with earlier ideas about advantage of higher canopies and lower elevation. The preference for higher canopies could be due to the greater abundance of resources, through enhanced micro-climatic conditions in the understory and more foraging substrate (Basset et al., 1992) . Another plausible explanation is that higher canopies have greater vegetation complexity that better mitigates predation risk. Lower ground is possibly preferred because it has a moister environment that can hold a higher insect biomass (Chan et al., 2008) .
However, the flocks are just as likely to move back to a place that they have recently visited than one that they have not visited for a while. This suggests that avoidance of trees already used does not seem to be a driver of the birds' movement decisions. While it may seem advantageous to stay at a tree as long as it is profitable to do so, in order to conserve energy (Houston et al., 1993) , this frequent movement might be due to insects temporarily adopting cryptic behavior in the presence of birds, thus forcing the birds to move on quickly as insects become rapidly harder to find.
Overall, flocks are motivated primarily by predation defense, but are also confined within boundaries of costs and benefits associated for traveling in groups (Buskirk, 1976) . Dispersion and quantities of food resources are believed to influence flocking behavior (Grubb, 1987) and determine their directionality and rate of movement (Karr & Freemark, 1983; Eichinger & Eichinger, 1985) . Although we did not have explicit information on understory vegetation density, our results are consistent with bird movements being driven by food resources. It has been conjectured that specialization on determined foraging substrates diminishes interspecific competition allowing co-existence in flocks (Jones, 1977) , but also forces an increase in the search rate of what is believed to be a spatially dispersed food resource (Morse, 1970) .
We also do not discard the effect of predators on the movement of mixed-species flocks. However, even though mixed-species flock participants are not free from predator attacks, successful events are considered rare (Powell, 1985) . Flock participants are considered to have higher survival rates than solitary species (Jullien & Clobert, 2000) , with lookouts allowing individuals to explore more exposed substrates (Martinez & Gomez, 2012) . In fact, flocking behavior may have arisen as a strategy to allow certain species to forage in more open environments while more exposed to a predator's visual detections (Powell, 1985) .
We tested different functional forms for the selection weighting, something that is rarely done in literature on step selection functions but could be important (Lele et al., 2013 ). Although we would be surprised if the functional form were to change the outcome of hypothesis testing, it could very much affect the resulting parameters that are used to build the mechanistic model. For example, an exponential effect of the canopy height vastly increases the relative attraction to very high canopies as compared with a power law effect, since this is effectively the difference between a linear and a logarithmic scaling (see the note after Eq. 3). This has the potential to vastly change the predicted space use patterns. Therefore it is vital to consider functional form when using step selection techniques to build mechanistic models.
Our SSF approach enabled us to run simulations that were used to predict the utilization distribution (UD) of a flock, thereby relating the small-scale movement decisions to the large-scale space use patterns. While the resulting simulated UD captured certain qualitative aspects of the empirical data (Fig. 2) , it overestimated the home range size. In comparison, a straightforward random walk model, based on the empirical mean step length distribution, would give a normal distribution with the 90% contour approximately 395m from the gathering point. This contour would overlap the corresponding (outer) contour from Fig. 2 , but would be circular, whereas the simulation contour is far from symmetric. Therefore, though certain features of space use are being predicted by our model, there must be some other aspect of the birds' movement decisions keeping them far more spatially confined than our current model predicts.
We propose two plausible general mechanisms that might explain such confinement.
First, these flocks are highly territorial (Develey & Stouffer, 2001) , so interactions with neighboring flocks may cause each flock to use less space than they would otherwise.
The mechanism of conspecific avoidance has been shown to give rise to spatial confinement in various species of canid (Lewis & Murray, 1993; Moorcroft et al., 2006; Potts et al., 2013) . These all deal with avoidance via scent marking, whereas territories in birds are defended via vocalizations and direct interactions (Munn & Terborgh, 1979) . However, the generic modeling framework developed by Giuggioli et al. (2011) and extended by Potts et al. (2012 Potts et al. ( , 2013 could be used to constructed coupled SSFs, whose weighting functions w depend both upon the position of the individual and on interactions with neighbors. These interactions may either be direct or mediated by vocal, visual or olfactory cues.
Second, memory effects, with birds having a preference to move back towards places they have frequently visited, can cause spatial confinement. Theoretical studies by Briscoe et al. (2002) have described such a mechanism in wolf (Canis lupus)
populations, and the general results of Tan et al. (2001) show that memory can severely constrain the amount of area used in a given time period. Though it is tricky
to determine empirically what constitutes a bird's cognitive map of the environment, it is generally considered that memory is an important factor in the spatial confinement and site-fidelity of many animals (Smouse et al., 2010) . That said, for the particular flock in Fig. 2 , the clear confinement to a single, square fragment suggests that the effect of edges between primary and secondary forest may be the main factor.
By turning our SSF into a master equation for the spatio-temporal probability distribution of the flock's position, we compared our results to a recent approximate analytic prediction by that applies for animal movement, in the limit τ → 0, when the environmental weighting function w(x, E) is smooth and the turning angle distribution is uniform. However, their results fail whenever there is correlation in the animal's movement at any time-scale, a fact noted in but may not be clear to those only familiar with the more ecologically-motivated paper of . The more the correlation, the worse the prediction is likely to be, so it is necessary to take care when applying these results to empirical data. This is particularly important as the generic effects of momentum and the energy required to turn mean that many species exhibit some persistence in their movement.
Intrinsic correlation in movement processes can cause a pattern similar to that which would arise from localized advection, if the movement is also affected by environmental covariates, which may explain the disparity between the results of and ours. For example, if there are two patches of good resources at positions x a and x b , which a flock may have a tendency to move between, then if the flock also has intrinsic correlation in its movement then it would be more likely to be found at a position just to the other side of x b from x a , even though this position may be resource poor, than at some position just as close to x b , and of just as good quality, but in an orthogonal direction to x b − x a . This causes the quality of resource patches on space use to be 'smeared out' in certain directions, dependent on the geometry of the resource distribution. When we removed any intrinsic correlation from our movement model, this smearing-out effect is no longer there. Therefore the predictions of were quite good, even though τ > 0 and the function w(x, E) describing the environment studied in this paper is far from smooth (Fig. 3) .
The application of these models could provide basis for informed management decisions for a subset of the avian community that is known to be very sensitive to forest disturbances. By providing information on how a combination of two important habitat features influences habitat use and how these flocks anchor their home ranges, this would allow for more realistic estimations of areas that are more important to these species. Also, the drivers related to resource abundance and renewal provide important insights on the nature of the relationship of cursorial insectivorous birds and their resource, a topic that has challenged researchers for years (Sherry, 1984; Şekercioḡlu et al., 2002) .
While we only focus on three specific types of environmental drivers, there are myriad factors, that can affect the space use of animals, depending on the species and habitat. As well as the aspect of foraging needs, territorial interactions have been shown to give rise to spatial confinement in coyotes (Canis latrans) (Moorcroft et al., 2006) and red foxes (Vulpes vulpes) (Potts et al., 2013) . Memory effects, while tricky to measure empirically, have also been shown theoretically to cause a certain amount of confinement (Tan et al., 2001; Briscoe et al., 2002) . Anthropogenic linear features can also affect movement in large mammals (Fortin et al., 2005; McKenzie et al., 2012) , so are likely to have an effect on space use. Similarly predator-prey interactions are well-known to affect spatial population structure via animal movement processes (Lewis & Murray, 1993; Latombe et al., 2013) . We are presently working on applications to a number of other animal populations, including caribou (Rangifer tarandus) (Potts et al., 2014) Test Parameter w-function τ (mins) Best fit p-value 3) and the parameters that best fit the data (see Fig. 1 and Table 1 ). The numbers on the axes correspond to those in Fig. 2 Though there are some similarities between panels (a) and (b), the approximation is evidently not particularly good, as expected given our analytic examination (Appendix). However, when we replace the von-Mises turning angle distribution with a uniform distribution, the numerical steady state solution of Eq. 10 (panel c) is visually quite close to that of panel (b). They are not exactly the same, since the analytic approximation assumes that the weighting function w is smooth, whereas in our example it is highly discontinuous. Additionally, the analysis is in the fine-scale temporal limit, whereas our master equation has the temporal resolution fixed at τ = 5 minutes.
